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of the Trp-Cage Folding MechanismFabrizio Marinelli*
Theoretical Molecular Biophysics Group, Max Planck Institute of Biophysics, Frankfurt am Main, GermanyABSTRACT In this work a new method for the automatic exploration and calculation of multidimensional free energy land-
scapes is proposed. Inspired by metadynamics, it uses several collective variables that are relevant for the investigated process
and a bias potential that discourages the sampling of already visited configurations. The latter potential allows escaping a local
free energy minimum following the direction of slow motions. This is different from metadynamics in which there is no specific
direction of the biasing force and the computational effort increases significantly with the number of collective variables. The
method is tested on the Ace-Ala3-Nme peptide, and then it is applied to investigate the Trp-cage folding mechanism. For this
protein, within a few hundreds of nanoseconds, a broad range of conformations is explored, including nearly native ones,
initiating the simulation from a completely unfolded conformation. Finally, several folding/unfolding trajectories give a
systematic description of the Trp-cage folding pathways, leading to a unified view for the folding mechanisms of this protein.
The proposed mechanism is consistent with NMR chemical shift data at increasing temperature and recent experimental
observations pointing to a pivotal role of secondary structure elements in directing the folding process toward the native state.INTRODUCTIONThrough the years, computer simulations have been
increasingly applied to the investigation of biomolecules’
microscopic mechanisms that ultimately may regulate their
function. In this regard, molecular dynamics (MD) simula-
tion is a common tool to explore the flexibility of these
systems and limit the otherwise vast number of possible
configurations to those energetically favored.
The last feature of MD simulation hinders the study of
processes in which the relevant conformations are separated
by high free energy barriers. These are in fact events that
occur rarely during an MD simulation. Several approaches
have been developed that allow accelerating these rare
events and are generally named enhanced sampling methods
(1–10). Some of them, such as the local elevation method
(8) or metadynamics (META) (6), add a history-dependent
bias potential to the MD forces that enhances barrier
crossing and allows reconstructing the free energy profile
along selected collective variables (CVs). In spite of this,
the realistic applicability of these methods to complex sys-
tems is far from being a ‘‘black box,’’ and it often requires
prior knowledge of the studied process. A proper choice
of the CVs, for example, is in many cases crucial (4,11).
A simple strategy for ensuring a correct description is to
enlarge the number of CVs. However, for methods that,
like META, aim to obtain a uniform exploration of the
CV space, the computational cost increases very fast with
the number of CVs.
Several strategies have been developed recently that
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0006-3495/13/09/1236/12 $2.00(12–15). Among the ones based on META, two powerful
techniques are bias exchange metadynamics (BE) (12,16)
and reconnaissance metadynamics (15). The first involves
exchanging replicas with a low dimensional bias potential
(typically one or two CVs per replica). The double advan-
tage of the latter technique is that it substantially improves
the sampling of a multidimensional space and it does not
lead to a uniform distribution of the CV space. However,
it requires several trajectories depending on the number of
CVs employed. In reconnaissance metadynamics (15),
META is coupled with a sophisticated on-the-fly analysis
of the simulated trajectory that allows using a wider number
of CVs. This has been shown to have promising exploration
capabilities for small protein models. However, in this case,
the bias potential is not directly connected to the underlying
free energy.
Other approaches that allow for dealing with a high-
dimensional space have been developed mainly for
exploring potential energy landscapes. Most of them,
like the dimer method (17), follow the lowest curvature
direction of the potential energy surface to locate a tran-
sition state, and in a recent approach, the dimer method
was also coupled with biased sampling (18). Nonetheless,
it has been difficult up to now to transfer the same con-
cepts to free energy sampling in the space of selected
CVs (15).
Here, a new approach is proposed that permits the effi-
cient exploration and calculation of high-dimensional free
energy landscapes and relies on ideas derived from META
and minimum mode-following methods such as the dimer
method. This is achieved by adding, during the simulation,
a history-dependent bias potential along selected CVs that,
as in META, discourages the sampling of already visited
configurations. The functional form of the bias potential ishttp://dx.doi.org/10.1016/j.bpj.2013.07.046
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direction of the slow motions and to decrease the explora-
tion of any orthogonal direction. The present feature of
the proposed new method, on one hand, focuses the sam-
pling on the relevant region of the space (namely, minima
and transition states); on the other hand, it allows using a
greater number of CVs compared with methods like
META in which no a priori escaping direction is selected.
The presented technique is indicated hereafter as minimum
mode metadynamics (MM-META).
Here, MM-META is first tested on the conformational
transitions of the Ace-Ala3-Nme peptide. Then, it is applied
to study the folding of the Trp-cage polypeptide (19) in
explicit solvent using different sets of CVs that do not
contain information on the native state. Starting from a
completely unfolded structure of this small protein, MM-
META explores an extensive number of different
conformations, including nearly folded ones, in less than a
few hundreds of nanoseconds. Finally, several folding/
unfolding trajectories are generated from multiple MM-
META simulations to gain a mechanistic insight on the pro-
cess. From an analysis of the possible folding pathways, it is
found that, on average, local secondary structure elements
form first, followed by the hydrophobic collapse. This is
supported by recent experimental studies (20,21), and it is
also consistent with the high degree of the a-helical content
of unfolded state conformations identified by comparison of
predicted NMR chemical shifts of sampled structures with
experimental ones at increasing temperatures.MATERIALS AND METHODS
MM-META
The main algorithm on which the suggested new approach is based can be
schematized as follows:
 N CVs ~sðtÞ ¼ ðs1ðtÞ ¼ S1ð~xðtÞÞ; s2ðtÞ ¼ S2ð~xðtÞÞ; :::; sNðtÞ ¼ SNð~xðtÞÞÞ
are selected that are a function of the system configurations ~x, and a
normal MD simulation is run.
 After two Dt steps of MD, the mean displacement of the vector
~s 0ðtÞ ¼~S 0ð~xðtÞÞ ¼ bG~sðtÞ is calculated as
hD~s 0ðt0ÞiDt ¼
1
Dt
Xt0þDt
t0 ¼ t0þ1
ð~s 0ðt 0 þ DtÞ ~s 0ðt 0ÞÞ: (1)
This vector gives the direction to escape the local free energy minimum
and is updated every Dt steps (i.e., t0 ¼ 0;Dt; 2Dt; ::::). The time
average in Eq. 1 is done to reduce the contribution of fast motions to
the displacement vector and in this way orient hD~s 0ðt0ÞiDt along the
direction of the slow motions. bG is a matrix that provides the metrics
of the CV space; that is, the scalar product of two vectors ~si, ~sj in
this space is given by ~si,~sj ¼~sTi bGT bG~sj ¼~s 0Ti bI TbI~s 0j ¼~s 0i ,~s 0j , where bI
is the identity matrix.
 Once the escaping direction is calculated ðt>2DtÞ, a history-dependent
potential is added every tS MD steps. This is constructed as a sum of sad-
dle functions G1  lG2 oriented according to hD~s 0ðt0ÞiDt and centered
along the MD trajectory:VS
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where G1 and G2 are Gaussian functions having opposite signs. In
Eq. 2,~nk ¼ hD~s 0ðt0ÞiDt=jhD~s 0ðt0ÞiDt j and~n it are orthogonal versors, w
and x have a similar role of the Gaussian height and width in standard
META (6), d1 (>1) is a factor introduced to increase the Gaussian width
of G1 in the direction orthogonal to hD~s 0ðt0ÞiDt, and l (>0 and <1) is
used to tune the relative height of the two Gaussians G1 and G2,
yielding a net positive potential.
The saddle function G1  lG2 (Fig. 1 and Fig. S1 A in the Supporting
Material) has the imaginary frequency direction along hD~s0ðt0ÞiDt . Thus,
if the latter does not vary randomly after each Dt, the bias potential of
Eq. 2 will enhance the exploration along the most likely direction, and fluc-
tuations will be minimized in any orthogonal direction. The main differ-
ence between MM-META and standard META is that in the second
approach, the bias potential is a sum of Gaussian functions instead of
path-oriented saddles, leading on time to a uniform distribution of the
CV space.
Conversely, in the proposed new method, the sampled configurations
resemble lowest curvature paths that selectively and automatically explore
different minima through transition state conformations. This results in a
significant reduction of the exploration dimensionality, which in turn allows
the use of a larger number of CVs.
Another interesting feature of the proposed new method is that, similar to
META, the bias potential compensates on time the free energy along visited
paths. Thus, local minima are most likely escaped crossing first the lowest
free energy barrier along the path, and they are maxima of the bias potential
in the explored portion of the CV space (see Z-potential example). Note,
however, that in nonsampled regions, the bias potential acts mainly as a
restraining potential and does not compensate the free energy.
The present features of the proposed new method allow in principle using
the MM-META bias potential in the reweighting scheme of Marinelli et al.
(16) and Biarnes et al. (22) to have correct estimates of the free energy. This
is explicitly shown here for the small Ace-Ala3-Nme system (see Ace-Ala3-
Nme computational setup for specific details of the methodology
employed).
In practice, like any other enhanced sampling method, to converge the
free energy, visited configurations must be explored repeatedly, which
could be particularly challenging in the case of a high-dimensional space.
Therefore, for merely free energy calculation purposes, care must be taken
in limiting the volume of CV space sampled (e.g., avoiding small values of
Dt and d1 or large values of the saddle height w).
To achieve an optimal MM-META sampling, the parameters entering
Eqs. 1 and 2 must be properly selected. Some of them, such as w and x,
can be assigned using the same criteria of META simulations, whereas
others are peculiar to the suggested new method and can be derived fromBiophysical Journal 105(5) 1236–1247
FIGURE 1 MM-META sampling on a 2D z-shaped potential energy surface. The first two panels in the upper part of the figure display the MM-
META sampling (dots) in the steps range specified below. The potential energy surface is showed as a contour map with isolines drawn every 20 kT.
The arrows indicate the fluctuating directions of hD s!0ðt0ÞiDt during the dynamics. The contour plot of the MM-META bias potential, oriented
along the most likely direction, is shown in the bottom right of the panel. Note that during the dynamics this is centered along the trajectory. In the
bottom left panel MM-META, META and unbiased sampling are compared after 30,000 steps. In bottom right panel, the negative of the MM-
META bias potential in the sampled regions is superimposed with the potential energy surface, underlying the very good match between the two.
The sum of the potential energy (F) and the bias potential (VS) is also shown at different steps. Notably, after ~30,000 steps, the two compensate each other
almost perfectly.
1238 Marinellishort MD simulations or preliminary MM-META runs. In particular, the
metric matrix bG provides the rule to scale the CVs to make them
comparable, which is critical if they are of different kinds (dihedrals,
coordination numbers, and so on). A possibility in this regard is that the
transformed CVs diffuse uniformly, that is, bGT bGfbD1, where bD is the
CV diffusion matrix. Indeed, it can be shown that, on this choice,hD~s 0ðt0ÞiDt
is mostly oriented along the slowest motion of the local free energy
minimum. A derivation thereof is reported in Appendix A and B in the
Supporting Material as well as a more detailed discussion on how to choose
MM-META parameters in Appendix C. Based on this, it can be concluded
that MM-META provides an optimal efficiency in case there is a timescale
separation between different directions in the CV space and if the relevant
transitions can be captured by lowest curvature pathways.
Lastly, the CVs used in MM-META simulations can be generally chosen
following similar guidelines of META simulations (4). Although in the pro-Biophysical Journal 105(5) 1236–1247posed new method a larger number of CVs can be employed, this does not
imply that there is no need for a wise choice of the CVs as they could clearly
influence the obtained sampling.Multiple-walkers MM-META
MM-META can be coupled with other variants of META to further improve
its sampling capabilities. One simple extension used in this work is the
multiple-walkers MM-META. In this technique, similar to multiple-
walkers META (23), several independent MM-META trajectories (walkers)
run in parallel and their accumulated history-dependent bias potential is
summed and shared by all the walkers. The sampling features of multi-
ple-walkers MM-META are the same as those of standard MM-META
but with a sizable increase in the exploration speed because of the combined
sampling of different walkers.
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All the MM-META, MD, and BE simulations are performed using the
GROMACS suite of programs (24,25) and the AMBER03 (26) force field.
The time step is set to 2 fs and the LINCS (27) algorithm was used to fix the
bond lengths of all the peptides and proteins molecules. The SETTLE algo-
rithm (28) is used to fix the angle and bond length of water molecules. The
Particle Mesh Ewald method (29,30) is used to treat long-range electrostatic
interactions with a maximum grid spacing for the fast Fourier transform of
0.12 nm and an interpolation order of 4.Ace-Ala3-Nme system
The computational setup for the Ala3 system is the same as that of Marinelli
et al. (16). Ala3 is placed in a periodic cubic box containing 1052 TIP3P
water (31) molecules. Electrostatic and Lennard–Jones interactions are
calculated with a cutoff of 1.0 nm. Lennard–Jones interactions are switched
off smoothly from 0.9 nm to 1.0 nm. The neighboring list is updated every
five steps, and the cutoff distance for the short-range neighbor list is set to
1.1 nm. A constant temperature of 300 K was achieved by coupling the
system to a Berendsen thermostat (32) with a characteristic time of 0.1
ps. A constant pressure of 1 bar is achieved by coupling the system to a
Berendsen barostat (32) with a characteristic time of 2.5 ps. The ~2-ms
MD simulation is the same as that of Marinelli et al.
For the MM-META simulation, a saddle function G1  lG2 is added
every 4 ps having height w ¼ 0.8 kJ/mol. l is linearly scaled according
to the following equation:
l ¼ max

1maxi¼ 1;::;N
~F ,~n it
Fmax
; 0

;
where Fi ¼ vVS=vs 0i and Fmax ¼ 20 kj/mol. d1 is set to 5, x ¼ 1:5
(s
fi
META ¼ s4iMETA ¼ 17:2; see Supporting Material for further information),
and Dt ¼ 4 ps.
The diffusion matrix of the six CVs is calculated similarly to the Ala-Pro
system in the Supporting Material, using a 10-ns MD simulation with
restraints on the six CVs to enforce the harmonic approximation. In agree-
ment with Marinelli et al. (16), this is a nearly diagonal matrix whose diag-
onal elements are very similar and of the order of ~131 deg2/ps. Also, in this
case, the CVs are scaled by the square root of their diffusion coefficient (see
Appendix C).
For META simulations, parameters are chosen comparable to those of
MM-META; Gaussians, added at the same frequency, have width and
height of 0.8 kJ/mol and 17.2, respectively ðsfiMETA ¼ s4iMETA ¼ 17:2Þ.
After ~20 ns (filling time), the bias potential does not change remarkably
in the visited regions. Therefore, the space of the six dihedral angles is
divided in hypercubes of side 60 (bins) and their free energy is estimated
according to the method reported in Marinelli et al. (16). In this approach,
the biased probability of each bin is weighted by eVS=kBT, where kB is the
Boltzmann constant, T ¼ 300 K, and VS is the time-averaged bias potential
accumulated during the simulation (after the filling time). To keep the fluc-
tuations of the bias potential under control, this is averaged independently in
the two halves of the time range (20 ns, 50 ns). Only configurations collected
after 20 ns inwhich the two averaged potentials are consistentwithin 1.5 kBT
are retained for further analysis. The free energy of each bin is then evaluated
as previously mentioned using the bias potential averaged over the last 30 ns
of simulation. Bins’ free energies obtained in this way are comparedwith the
ones of the long MD simulation calculated using the standard thermody-
namic relation Fa ¼ kBT log na, where na is the population of the bin a.Trp-cage system
The computational setup for the Trp-cage folding simulations is the same as
that of Marinelli et al. (16) and is briefly summarized here. The simulationsare performed at a temperature of 298 K. The initial structure (Protein Data
Base ID 1L2Y (19)) is solvated with 2075 TIP3P (31) water molecules in a
40  40  40 A˚water box. The system is simulated using MM-META and
BE (12) employing five general CVs that do not contain specific informa-
tion of the native fold: CV1: number of Cg contacts; CV2: number of Ca
contacts; CV3: number of backbone hydrogen bonds. CV1, CV2, and CV3
are defined asX
ij

1

rij
rc
8
,

1

rij
rc
101
;
where the sum runs over the appropriate set of atoms (all the Cg for CV1, all
the Ca for CV2, and all the backbone hydrogens and oxygens for CV3) and
rc ¼ 5, 6.5, and 2 A˚ for CV1, CV2, and CV3, respectively. CV4: fraction of
dihedrals belonging to the a region in the Ramachandran plot, defined asX
i
1
2
ð1þ cosðji  45oÞÞ:
CV5: correlation between successive j dihedrals, defined asX
i
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1þ cos2ðji  jiþ1Þ
q
:
The sums in CV4 and CV5 run over all the residues.
MM-META simulations are performed using these five CVs employing a
multiple-walker technique (23) that involves 16 walkers, for a cumulative
simulation time of ~2 ms.
For the latter simulations, a saddle functionG1  lG2 is added every 2 ps
having heightw¼1.0 kJ/mol. To avoid systematic errors due to large forces,
l is linearly scaled according to the equation
l ¼ max

1maxi¼ 1;::;N
~F ,~nit
Fmax
; 0

;
where Fi ¼ vVS=vs 0i and Fmax ¼ 20 kj/mol. d1 is set to 5, x ¼ 1, and Dt¼
30 ps.
For all the variables, an approximate diffusion matrix is estimated from a
50-ns MD simulation started (at 300 K) from the folded state using the
method of Hummer (33), which employs a harmonic approximation. The
diagonal elements of the diffusion matrix used to scale the CVs are approx-
imately proportional to ðs15METAÞ2 (1/ns), where s15META ¼ 2, 4, 2, 0.4, 0.4. The
out-of-diagonal elements are neglected.
In the analysis, native contacts are defined between amino acids sepa-
rated by more than four residues in sequence and whose Ca, Cg atoms
are closer than 7.0 A˚ in the native state.
Analysis of Trp-cage folding/unfolding pathways
To assess the similarity of independent folding/unfolding trajectories, I
introduce a particular metric that evaluates how specific structural features
change while the folding proceeds. Following Graham et al. (34) and
Lindorff–Larsen et al. (35), I identify a specific pathway as an average con-
tact formation (ACF) matrix. This is calculated for each pathway by
dividing the fraction of Ca, Cg native contacts in six bins, from 20% to
80%, and averaging a specific contact over the trajectory frames belonging
to a bin. Thus, the ACF matrix of a pathway, n consists of six sets of Ncontacts
contact formation probabilities pnij , where i ¼ 1; 2; :::6 is the index of the
fraction of contacts bin and j ¼ 1; :::;Ncontacts is the index of a specific
contact. To identify the presence of multiple folding routes, I perform a
cluster analysis on the ACF matrices using the Euclidian norm to measure
the distance between two pathways m, n; namely,Biophysical Journal 105(5) 1236–1247
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ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃX
ij


pnij  pmij
2s
:
Different clustering procedures are attempted using the method of Daura
et al. (36) and the Markov cluster analysis (37) algorithm (see alsoSupporting Material).
Finally, to further evaluate the similarity between different trajectories,
I measure the fraction of shared contacts between all couples of ACF
matrices (Table S2).RESULTS
Z-potential: An illustrative example of MM-META
performance
The features of the MM-META algorithm are first exempli-
fied with a toy system undergoing an overdamped Lange-
vin dynamics on the z-shaped potential depicted in
Fig. 1. The system is initially set in a deep local minimum
from which it cannot easily escape. The potential surface is
such that the direction selected by Eq. 1 (updated at every
step) oscillates in this minimum around 45 as displayed by
the arrows in Fig. 1 (top left panel). Most of the added
saddles ðG1  lG2Þ then have the negative eigenvalue
direction oriented in the same manner. Thus, if the bias
potential is added along the dynamics, the fluctuations
are simultaneously increased along hD~s 0ðt0ÞiDt and reduced
in the orthogonal direction, as shown in Fig. 1. Later, this
induces a transition to another minimum crossing the most
stable transition state along the lowest curvature direction.
In the new minimum (Fig. 1, top right panel), the most
likely direction changes, oscillating around 45. If the
dynamics is continued, eventually all minima and transition
states of the z-shaped potential are visited. As it can be
noted from Fig. 1 (bottom left panel), standard META
gives a broader distribution in the two-dimensional space,
and the new algorithm explores mainly paths connecting
minima and transition states. Furthermore, in this simple
test case, the negative of the MM-META bias potential
easily converges to the free energy along the path
(Fig. 1, bottom right panel). Another illustrative example
of how MM-META works with two CVs is reported in
the Supporting Material for the cis–trans isomerization of
the Ala-Pro dipeptide.Solvated Ace-Ala3-Nme peptide: A six-
dimensional example
To test the MM-META ability to explore and compute the
free energy landscape of higher dimensionality, I apply it
to the study of Ace-Ala3-Nme peptide (hereafter Ala3)
conformational space. Another comparison between MM-
META and META using up to 28 CVs is reported in the
Supporting Material for the Trp-cage unfolding (see
Fig. S4). The Ala3 simulations are done employing the six
backbone dihedral angles (fi;ji, where i ¼ 1, 2, 3) shownBiophysical Journal 105(5) 1236–1247in Fig. 2 as CVs. They describe, in fact, the main degrees
of freedom of this tripeptide. For each couple fi;4i, the
most stable conformations of Ala3 are the PPII, b, and aR
Ramachandran regions as depicted in Fig. 2 A for the central
dihedral angles f2;42. In this case, the sampling obtained
with the new method is compared with standard META as
well as with the long MD simulation (~2 ms) of Marinelli
et al. (16). As shown in Fig. 2 B, in a few tens of nanosec-
onds, MM-META explores the most relevant conformations
of Ala3, including left-handed a-helix (aL) configurations
(see also Fig. 2 A). These are poorly populated states (less
than 1%) in the MD simulation and require on average
more than 100 ns of unbiased sampling to be observed
(i.e., the free energy barrier to reach them is more than
6 kcal/mol (16)). The transition to aL states was then used
to monitor the relative efficiency of each sampling method.
In this regard, MM-META is able to visit recursively aL
conformations after ~10 ns, whereas a META simulation,
with a comparable set of parameters (same hill height and
same width along hD~s0ðt0ÞiDt), is ~10 times slower, not
very different from the MD (Fig. 2 B).
After sampling all the relevant regions, MM-META ex-
plores them recursively; therefore, after a transient time
(~20 ns for Ala3; same as filling time in META), the bias
potential does not change remarkably in the visited regions.
This allows the use of the umbrella sampling reweighting
scheme of Marinelli et al. (16) to estimate the free energy,
keeping statistical errors under control. Hence, the six-
dimensional space is divided in hypercubes of side 60
(bins) and their free energies are computed using the last
30 ns of a ~50-ns MM-META simulation, as explained in
the computational setup. The obtained free energies are
compared with those calculated in an analogous manner
for the ~2-ms MD unbiased simulation. As shown in Fig. 2
C, there is a good correlation between the two, particularly
at low free energy values, where MD is more accurate. It is
noteworthy that the distribution of the free energy difference
between MM-META and MD shows no systematic devia-
tion and has a nearly Gaussian behavior with a standard
deviation of ~0.4 kcal/mol.Application of MM-META to the Trp-cage folding
As proven above, MM-META is a powerful tool to explore
the conformational space of small peptides. This encourages
its application to a more challenging system: the folding in
explicit solvent of the Trp-cage (19), a designed 20-residue
miniprotein with globular native fold (19). The small size,
fast fold (38), and protein-like features of Trp-cage make
it an ideal target for theoretical investigations (35,39–42).
In spite of being a small protein, it is rather difficult to
describe its folding/unfolding events using one or two gen-
eral CVs that do not include detailed information of the pro-
cess. Methods that allow using tens of CVs simultaneously,
like the one of Piana and Laio (12) and Tribello et al. (15)
FIGURE 2 MM-META sampling compared with META and extensive MD simulations for the Ala3 system. (A) Ramachandran distribution of the central
dihedral angles of Ala3 ðf2;42Þ for MM-META (dots). (B) Time evolution of the f2 dihedral angle for ~100 ns of MD, META, and MM-META simulation in
explicit solvent. (C) Left, correlation between the MM-META and MD bins’ free energies in the space of the six CVs.Middle, distribution of the free energy
difference betweenMM-META andMD over bins in the six CVs. The statistical error in the free energy averaged over bins explored by both MM-META and
MD and employing a correlation factor of 1 ps is 1 kBT for MM-META and 0.5 kBT for MD. This was calculated similarly to Marinelli et al. (16). Right, Ala3
system; the six backbone dihedral angles.
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comprehensive description of the folding process.Trp-cage folding proceeds along a set of low free
energy conformations
To sample the relevant conformations of Trp-cage with the
suggested new method, I carry out a ~320-ns MM-META
multiple-walker simulation (see Methods section and
computational setup for detailed information) using five
CVs starting from a completely unfolded conformation.
This initial structure has a backbone root mean-square devi-
ation (RMSD) of ~7 A˚ from the native fold (first structure of
the PDB ID 1L2Y (19)) and is extracted from the BE meta-
dynamics trajectories of Piana and Laio (12) and Marinelli
et al. (16). BE simulations have the same set of CVs of
MM-META, comparable simulation time, and identical
computational setup. The five CVs are related to protein/
protein Ca;g contacts, number of backbone hydrogen bonds,
and secondary structure content, and do not contain infor-
mation of the native fold (see computational setup). In the
BE runs, these are employed in eight replicas that can ex-
change coordinates according to a Metropolis criterion;
seven of them use bias potentials acting on one or twoCVs, and the last is an unbiased replica exploring mainly
low free energy conformations (including the folded state)
(12,16). Thus, the latter is used as a reference to assess
whether stable configurations are visited along MM-
META trajectories.
As illustrated in Fig. 3, MM-META simulations reach a
nearly native conformation (structures bearing more than
75% of native contacts and backbone RMSD < 2A˚ from
the folded state) in less than 20 ns in two independent
walkers (one within ~7 ns and ~18 ns). The folding path-
ways involve the earlier formation of secondary structure
elements, followed by the hydrophobic collapse. Specif-
ically, by comparison with the BE unbiased replica,
a-helix folding is associated with a decrease in free energy
as well as the correct formation of the hydrophobic core
(Fig. 3). Whereas in the MM-META simulations native
conformations are unfolded within a few nanoseconds,
these configurations are stable over a MD simulation
(Fig. S5). The folded state is ranked as the most stable
structure in terms of MM-META bias potential. However,
it is worth noting that two folding transitions may not be
enough to converge the free energy; hence, more extensive
runs may be needed to obtain an accurate description of
the system energetics.Biophysical Journal 105(5) 1236–1247
FIGURE 3 MM-META folding trajectories for
the Trp-cage system. Percentage of Ca, Cg native
contacts as a function of time for two MM-
META walkers. A cluster analysis was performed
on MM-META frames using the method of Daura
et al. (36) and a backbone RMSD cutoff of 2 A˚. A
frame was then assigned to a specific cluster if it
had the smallest backbone RMSD from that cluster
compared to all the others and it was not assigned
to any cluster if its RMSD > 2.5 A˚ from all the
clusters. If the configuration of a timeframe
belongs to a cluster that was also explored by the
unbiased replica of the BE simulation, it is dis-
played as solid black squares. Representative
conformations along the trajectories are displayed
on the right. For the MM-META simulations,
saddle functions were added every 10 ps having
height w ¼ 2.5 kJ/mol. The other parameters
were set as reported in the computational setup.
1242 MarinelliLastly, the comparison between MM-META and BE
sampling underlines that, although the first approach ex-
plores a larger portion of CV space (twice the number of
bins in the five CVs), the second spans a broader range
along each CV; that is, the new method samples more effi-
ciently configurations corresponding to collective motions
of the CVs. Consequently, for the Trp-cage, MM-META
visits many more structures containing b-sheets than BE
(Table S1).
Summarizing, starting from an unfolded structure, MM-
META allows exploring nearly native conformations in a
few tens of nanoseconds, passing through partially unfolded
configurations that are locally stable. Overall, the set of
sampled structures comprises a wide range of conformations
including molten globules, a-helices, and parallel and anti-
parallel b-sheets (see Fig. S10 as an illustrative example).Structural insights on the Trp-cage thermal
unfolding from predicted and observed NMR
backbone proton chemical shifts
In the previous section, I showed that the MM-META simu-
lation of the Trp-cage folding explores relevant low-energy
structures, promoting the use of these data to investigate the
Trp-cage thermal unfolding. The persistence of native struc-Biophysical Journal 105(5) 1236–1247tural elements in the unfolded ensemble is determined by
comparing the predicted chemical shifts of the sampled con-
formations with the NMR data at increasing temperatures
from 282 K (19) to 313 K (43), the latter being close to
the melting temperature of the protein. Two basic steps
compose the approach:
 A range for backbone a-protons chemical shifts of native
state conformations is selected; the ones that do not
belong to this range are marked as outliers.
 MM-META conformations, for which predicted chemical
shifts have at most the same outliers of the experimental
data at temperature T are considered representative for
this temperature.
The rationale under this analysis is that chemical shifts
that remain within the native range from 282 K to 313 K
might indicate residual elements of the folded state that
are stable during the thermal unfolding.
The chemical shifts of backbone a-protons are calculated
for each protein configuration using the CamShift (44) pre-
dictor. The ranges for chemical shifts associated with the
native state are selected taking into account the fluctuations
of the predicted chemical shift in a 60-ns MD simulation of
the folded state and the systematic error in the chemical shift
prediction. They are defined as
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d282NMR  dMD
2q
;
where dMD and sd;MD are the average and the standard devi-
ation of the predicted chemical shift d measured from the
MD simulation, respectively, and d282NMR is the experimental
chemical shift at 282 K. Note that during the MD simula-
tion, the protein backbone RMSD remains on average
within 2 A˚ from the NMR structure (19) (see Fig. S5),
and at 282 K, the Trp-cage is fully folded (19); thus,
d282NMR  dMD gives an estimate of the systematic error on
the simulation results.
The average chemical shifts of the MD simulation corre-
late very well with the NMR data at 282 K (Fig. 4), under-FIGURE 4 Structural analysis of the Trp-cage thermal unfolding derived from
relation between experimental and calculated a-proton chemical shifts is shown
over a 60-ns MD simulation started from the folded state at 300 K. Reference
having at least one outlier or all the outliers of the NMR data are displayed fo
of outliers). The gray surface on each structure reflects the average occupancy
structures); an extended occupancy volume indicates a more compact hydropholining the good accuracy of the chemical shift prediction.
Remarkably, by filtering out all of the conformations of
the MM-META sampling whose predicted chemical shifts
are out of the folded state ranges, the structures obtained
have on average more than 80% of native contacts
(Fig. 4). Hence, folded conformations are the only ones
selected at 282 K in agreement with the experimental
results (19).
If the temperature is increased, as shown in Fig. 4, there
appears a marked displacement of a few NMR chemical
shifts, indicated by the presence of three outliers at 305 K
and one more outlier at 313 K. To rationalize which struc-
tural modifications may be involved in these chemical shift
changes, I extract MM-META conformations having one orpredicted and observed backbone proton NMR chemical shifts. The cor-
in the bottom left corner. Predicted values refer to the average chemical shift
structures and average structural parameters of MM-META conformations
r temperatures 282 K, 305 K, and 313 K (see main text for the definition
of atoms that are within 5 A˚ from the W6 sidechain (residue shown in the
bic core.
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1244 Marinellimore of these specific outliers. As illustrated in Fig. 4 at 305
K, the Trp-cage a-helix is mostly maintained but the hydro-
phobic core is partly disrupted as indicated by the increase
in the W6 solvent accessible surface area (Fig. 4). At 313
K instead, the a-helix becomes more unstable, consistent
with the NMR rotating-frame Overhauser enhancement sig-
nals at this temperature (43). The results do not change
remarkably using the cumulative sampling of BE and
MM-META or by diminishing the chemical shift ranges
of native conformations. In summary, the combination of
simulated and observed NMR data indicates that by
increasing the temperature, the Trp-cage hydrophobic core
unfolds first followed by the a-helix melting, suggesting
that the latter is a more stable element of the unfolded state
ensemble.FIGURE 5 Schematic representation of the average folding pathway of
the Trp-cage miniprotein obtained from multiple MM-META folding/un-
folding trajectories. Reference structures are selected from the trajectory
closest to the average folding pathway identified by the pairwise distance
among paths defined in the computational setup. The fraction of Ca, Cg
native contacts and specific contacts formed at different steps of the folding
process are shown for each structure. Note that each step of the folding pro-
cess corresponds to a specific number of Ca, Cg total contacts. Contacts
formed at different steps are shown with different colors. Only contacts
having a formation probability>50% in the average pathway are displayed.Trp-cage folding mechanism from multiple MM-
META simulations
After achieving the aforementioned molecular description
of the thermal Trp-cage unfolding, the subsequent step is
to obtain a comprehensive mechanism of the Trp-cage
folding. This requires the sampling of several independent
folding and unfolding events, which demands hundreds of
ms of unbiased simulations (35,45,46). Hence, to increase
the statistics, I initiate several independent MM-META
multiple-walker simulations (same computational setup as
before) from folded and different unfolded conformations
(fully unfolded clusters from the MM-META simulation
described above), summing, respectively, ~0.5 ms and
~1.5 ms of cumulative simulation time. To focus the sam-
pling on the most likely folding (or unfolding) events, I
cut trajectories after reaching the closest (or farthest:
containing less than 10% of native contacts) configuration
from the native fold. Thirty-one unfolding and 10 indepen-
dent folding trajectories are obtained, the latter assigned if
they visit at least once a configuration that has concurrently
more than 75% of Ca, Cg native contacts and a backbone
RMSD < 2 A˚ from the native fold.
Structural feature similarities are scanned along all of
these folding/unfolding trajectories based on the average
native contact formed (34,35). A cluster analysis of the
paths (see Supporting Material and computational setup),
built on the previous parameter, indicates a unique set of
related folding routes, schematized in Fig. 5. The mean
pathway can be described in three main steps: First, the
a-helix assembles, then hydrophobic residues far apart in
the protein sequence interact, inducing the so-called hydro-
phobic collapse (Table S2), and finally residues 11 to 14
adopt a 310-helix structure. The formation of this element
at the last stage of the folding process is supported by its
relative flexibility in the native fold (21).
Notably, a similar behavior is found in the unfolding sim-
ulations of Fig. S4, employing a different set of 28 CVs
(Fig. S6 B). The computed fraction of shared contacts (seeBiophysical Journal 105(5) 1236–1247Table S2 and computational setup for details) among
different trajectories indicates, as in previous path sampling
simulations (47), that there is a certain degree of variability
at the early folding stages (48) (the paths share only 40–50%
of the formed contacts). This variation is mainly related to
the formation of nonlocal contacts, which, on average, are
observed later in the mechanism, but may also occur earlier
(Fig. S7). Notwithstanding the mentioned structural dissim-
ilarities, a core of common features can be delineated at the
beginning of the folding process, which involves establish-
ing local native contacts such as the N-terminal a-helix.
Finally, it is worth noting that the formation of a contact
commits the system to proceed forward by establishing
new contacts because it is rarely lost in a subsequent step
(see Table S3).DISCUSSION
In this work, the Trp-cage folding mechanism is investigated
using a proposed new methodology for the efficient ex-
ploration and calculation of multidimensional free energy
landscapes. The presented technique (MM-META) is based
on ideas derived from META (6) and minimum mode-
following methods; it enhances the sampling by adding a
bias potential that allows escaping a free energy minimum
Easy Slope Paths on a Free Energy Landscape 1245following the direction of the slow motions. This feature of
the new method permits a more efficient exploration of a
multidimensional free energy surface compared with
standard META, although depending on the chosen param-
eters, similar drawbacks of minimum mode-following
methods could be experienced (17).
Different from other enhanced sampling methods, such as
BE, that explore transversally the CV space, MM-META
trajectories move along lowest curvature-like pathways in
the free energy hypersurface through minima and transition
states (see Fig. 1 and Fig. S1). This is first illustrated in a
two-dimensional example (see also the Ala-Pro example
in the Supporting Material). The MM-META performance
in a free energy multidimensional surface is instead tested
for the Ace-Ala3-Nme peptide, a six-dimensional system.
In either case, MM-META first samples energetically rele-
vant regions, allowing the estimation of their associated
free energy. Then, the method is applied to a more chal-
lenging process: the folding of the Trp-cage in explicit
solvent. Using a large number of CVs, MM-META unfolds
this protein much faster than a comparable META simula-
tion (Fig. S4). Most important, starting from fully unfolded
conformations, the proposed new approach allows visiting
within a few hundreds of nanoseconds nearly native confor-
mations, but also a large number of other configurations,
such as structures containing a different amount of a-helices
and b-sheets.
Comparison between MM-META and a reference BE
(12,16) simulation indicates that the latter technique is
less suitable to visit structures requiring a higher degree of
correlation between the CVs such as b-sheets. On average,
MM-META explores a wider portion of the CV space
compared with BE without requiring exchanging replicas
for increasing the number of CVs. The BE simulation
used here as a reference has been shown to be ~6 times
more efficient than replica exchange MD (12). It is worth
noting that the overlap observed between the MM-META
and the unbiased walker of BE indicates that MM-META
samples energetically accessible regions instead of
exploring, exclusively, irrelevant high free energy ones.
Building on this result, I elucidate the structural features
associated with experimental chemical shifts changes at
increasing temperatures (19,43), which may reflect the
Trp-cage unfolding pathway. The present analysis indicates
that the Trp-cage hydrophobic core is the least stable feature
of the fold, whereas the a-helix is preserved even at temper-
atures close to the melting point.
The combined statistics of several MM-META simula-
tions, in line with extensive MD simulation on fast-folding
proteins (35), unravel a common folding pattern. In the
case of the Trp-cage, it is observed that the formation of
the secondary structure elements, mainly a-helix, precedes
the hydrophobic collapse, and the last folding step consists
of a 310-helix formation. It is noteworthy that this early
a-helix formation restricts the conformational space avail-able to the protein, increasing the probability of reaching
the native state. Indeed, the kinetic model of Marinelli
et al. (16) outlines the presence of stable helical intermedi-
ates, and once these are formed, only ~300 ns are necessary
to visit the folded state.
In spite of the mentioned folding central core, there is an
important degree of variation along it. This heterogeneity
may explain the opposite conclusions derived by different
studies on the basic steps of the Trp-cage folding process
(19–21,49–51). Interestingly, the establishment of local con-
tacts at the beginning of the folding process is an aspect
shared by most of the pathways, and the major divergence
between them is related to the different order of formation
of nonlocal contacts in each trajectory. This common ten-
dency to form local contacts can be attributed to the assem-
bly of secondary structure elements.
Note that, in principle, the proposed folding mechanism
could depend on the particular force field used in this
work. In this regard, for short peptides, AMBER03 (26)
has been suggested to slightly favor the formation of a-he-
lices (52,53); for longer peptides, it has reported an adequate
helical propensity (54).
Extensive MD simulations on the villin headpiece under-
line that AMBER03 gives folding paths that are similar to
the ones obtained with ff99SB*-ILDN (55), a more
balanced force field.
However, in the case of the Trp-cage, the proposed
folding mechanism is consistent with the NMR chemical
shift analysis reported in this work and also with other
NMR data (56). These results in fact suggest a high propen-
sity of this protein to form the a-helix even in the unfolded
state. Furthermore, a similar behavior for the Trp-cage has
been deduced from an improved CHARMM force field (35).
Several published experiments sustain the mechanistic
hypothesis presented here. For example, a broad a-helix
melting observed by ultraviolet-resonance Raman (20)
suggests a high helical propensity in the unfolded state,
and a recent infrared temperature-jump spectroscopy study
(21) indicates that the a-helix is the only structural
element that characterizes the folding transition state of a
closely related protein. The unfolded state distances
measured by NMR experiments (50) support the a-helical
nature of the unfolded ensemble because it is compatible
with the helical metastable states of Marinelli et al. (16).
In the same line of evidence, the helix-breaking mutation
I4G in the N-terminal region significantly reduces the
folding efficiency (49). Finally, given the unstable nature
of the Trp-cage 310-helix observed by infrared experi-
ments, it is suggested to be the first unfolding step (21),
consistent with its presence at the last folding stages pro-
posed here.
All together, these experiments support the mechanism
proposed in this work underlining a pivotal role of local
structural elements, such as the a-helix, in directing the
folding process toward the native state.Biophysical Journal 105(5) 1236–1247
1246 MarinelliCONCLUSION
In this work, a novel methodology named MM-META that
provides a systematic and efficient exploration of high-
dimensional free energy landscapes is suggested. Here, the
new technique is applied to extract the molecular mechanism
of complex processes such as the folding of a small protein,
giving results that are consistent with the experimental ones.
Preliminary data on the advillin C-terminal headpiece (see
Supporting Material) indicate that the present approach is
promising for studying the folding of even larger proteins.
Because this method, as metadynamics, is based on a
history-dependent bias potential, it could be easily coupled
to other techniques, such as BE metadynamics (12) or
well-tempered metadynamics (57), which may markedly
enhance free energy convergence. MM-META is expected
to be useful for different kind of systems, ranging from
biological processes to material science, and it is currently
implemented in a development version of PLUMED (58),
which makes it portable to several MD programs.SUPPORTING MATERIAL
Supporting material text (appendices, eleven equations and other
applications of MM-META), ten figures, three tables and references
(59–73) are available at http://www.biophysj.org/biophysj/supplemental/
S0006-3495(13)00869-2.
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